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Task-‐based	  neuroscience	  

Using PET Data from the mid 1980’s 
Raichle PNAS 1998;95:765-772 

 



Task-‐based	  fMRI	  

Cat	  images	  from	  Wikipedia	  



“Res+ng	  State	  fMRI	  is	  just	  task-‐based	  fMRI	  when	  
you	  don’t	  know	  the	  task”	  –Larry	  Wald	  

r=0.56	  

Res+ng	  State	  fMRI	  



We	  don’t	  need	  a	  task	  to	  get	  blobs	  

Correla+ons	  with	  “seed	  
voxel”	  in	  motor	  cortex	  	  

during	  rest	  

Ac+va+on	  during	  	  
finger-‐tapping	  

B. Biswal et al., MRM, 34:537 (1995) 

Task-‐based	  significance	  shows	  how	  brain	  regions	  respond	  
Connec+vity	  shows	  how	  brain	  regions	  interact.	  	  



fMRI	  and	  res+ng	  state	  publica+ons	  
	  

What	  happened?	  
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fMRI	  from	  PubMed.	  Res+ng	  state	  from	  a	  curated	  list	  by	  a	  Child	  Mind	  Ins+tute	  Librarian	  
Data	  provided	  by	  Ma^hew	  Doherty	  of	  CMI	  



The	  Default	  Mode	  Network	  

Raichle	  et	  al	  PNAS	  2001	  

For	  many	  tasks,	  a	  common	  group	  of	  brain	  areas	  shows	  more	  
ac+va+on	  in	  the	  “rest”	  compared	  to	  the	  task	  condi+on.	  



The	  Default	  Mode	  Network	  

Default	  mode	  regions	  show	  significant	  temporal	  correla+ons	  using	  fMRI	  

Greicius M D et al. PNAS 2003;100:253-258 



Resting connectivity might have clinical relevance 

Greicius M D et al. PNAS 2004;101:4637-4642 

Default mode brain regions distinguish 
 Alzheimer’s Disease patients from healthy elderly 



Big	  new	  visions	  of	  the	  brain	  organiza+on	  
The	  human	  brain	  is	  intrinsically	  organized	  	  into	  
dynamic,	  an+correlated	  func+onal	  networks	  

Fox et al, PNAS 102, 2005 



This	  is	  exci+ng!!!	  
No	  need	  for	  tasks!	  

	  
No	  need	  to	  worry	  if	  your	  volunteer	  performs	  the	  task!	  

	  
Just	  throw	  someone	  in	  the	  scanner	  and	  tell	  them	  to	  sit	  

s+ll	  for	  5	  minutes!	  
	  

Get	  any	  brain	  networks	  you	  want	  to	  study!	  
	  

People	  will	  get	  Neuro	  or	  Psych	  PhDs	  without	  ever	  	  
running	  task-‐based	  experiments!	  	  
(This	  has	  probably	  already	  happened)	  

	  



fMRI	  for	  Epidemiology	  is	  Prac+cal	  
•  ADHD-‐200:	  491	  typically	  developing	  (TD)	  and	  285	  
ADHD	  children’s	  res+ng	  scans	  from	  8	  sites	  
h^p://fcon_1000.projects.nitrc.org/indi/adhd200/index.html	  

•  ABIDE:	  573	  TD	  and	  539	  Au+sm	  Spectrum	  Disorder	  
children’s	  res+ng	  scans	  from	  16	  sites	  
h^p://fcon_1000.projects.nitrc.org/indi/abide/	  

•  Nathan	  Kline	  Ins9tute	  Enhanced	  Rockland	  Sample	  
Randomly	  selected	  large	  age-‐spectrum	  sample	  
(1000+	  people)	  from	  a	  NY	  county	  is	  being	  	  
collected	  &	  rapidly	  shared	  
h^p://fcon_1000.projects.nitrc.org/indi/enhanced/	  



Is	  it	  really	  THAT	  exci+ng?	  

What	  are	  the	  challenges?	  
	  

Really.	  What	  are	  they?	  
	  

Did	  you	  think	  this	  was	  going	  to	  be	  another	  list	  of	  
bullet	  points	  answering	  this	  ques+on?	  

	  



Some	  challenges	  
What	  exactly	  do	  we	  collect?	  

	  
Trying	  to	  isolate	  the	  neural	  signal	  
(A^end	  Ca+e	  Chang’s	  and	  Steve	  Go^s’	  talks)	  

	  
How	  do	  we	  know	  the	  remaining	  signal	  is	  neural?	  

	  
Method	  Selec+on	  &	  Applica+ons	  when	  everything	  
looks	  good	  and	  there	  are	  few	  defini+vely	  correct	  

results	  
	  



What	  do	  we	  collect?	  

What	  is	  “res+ng	  state”?	  
Awake/Asleep?	  

Eyes	  open/closed?	  
Ligh+ng	  in	  room?	  
Low	  level	  tasks?	  

What	  do	  you	  tell	  the	  volunteer	  not	  to	  do?	  



What	  do	  we	  collect?	  
•  How	  long	  to	  scan?	  

– What	  gives	  us	  stable	  results?	  
–  Are	  the	  instabili+es	  interes+ng	  (connec+vity	  dynamics)?	  

•  How	  much	  do	  scanning	  parameters	  ma^er?	  
–  Voxel	  size,	  in-‐slice	  accelera+on,	  flip	  angle,	  TR,	  TE,	  …	  

•  When	  to	  scan?	  
–  Time	  of	  day	  
–  Preceding	  ac+vi+es	  

•  What	  can	  alter	  results?	  
–  How	  can	  we	  increase	  confidence	  that	  popula+on	  differences	  
are	  neural?	  



Isola+ng	  the	  neural	  signal	  
Task	  

Hemodynamics	  Neuronal	  
Ac2vity	  

Spontaneous	  
Neuronal	  
Ac+vity	  

Func+onal	  
Connec+vity	  

Slide	  from	  Rasmus	  Birn	  

Blood	  flow	  
Movement	  

Scanner	  Ar+facts	  



Isola+ng	  the	  neural	  signal	  



At	  best	  respira+on	  and	  cardiac	  pulsa+on	  adds	  
noise	  to	  regional	  connec+ons.	  At	  worst	  it	  

obscures	  neural	  connec+ons.	  
Correla+on	  (of	  PCC)	  at	  Rest	  

Group	  (n=10)	  
-‐10	  

10	  

Z	  

0	  

6	  

|Z|	  

Respira+on	  changes	  using	  RVT	  

Slide	  from	  Rasmus	  Birn	  

RVT	  =	  measuring	  and	  tracing	  (Respira+on	  Volume)/+me	  and	  
removing	  it	  from	  the	  +me	  series	  



An+correlated	  networks	  are	  largely	  an	  
ar+fact	  of	  a	  preprocessing	  decision	  

Correla+ons	  to	  the	  Posterior	  Cingulate	  

Removing	  the	  global	  signal	  was	  supposed	  to	  remove	  non-‐neural	  
fluctua+ons,	  but	  it	  also	  induces	  an+-‐correla+ons	  

Murphy	  et	  al	  Neuroimage	  2009	  

Removing	  uncharacterized	  signals	  can	  cause	  	  
uncharacterized	  popula9on	  differences	  



How	  do	  we	  know	  the	  remaining	  stuff	  is	  neural?	  
Focusing	  on	  the	  low	  frequencies	  

Low	  frequencies	  dominate	  the	  correla+on	  magnitudes	  for	  seeds	  in	  the	  cortex	  

Cordes	  et	  al	  Am	  J	  Neuroradiol	  2001	   Based	  on	  a	  slide	  from	  M	  Lowe	  
Anything	  faster	  than	  a	  hemodynamic	  (0.3Hz)	  response	  is	  assumed	  to	  not	  be	  neural	  



Agenesis	  of	  the	  corpus	  callosum	  
Ac+va+on	  from	  a	  
text	  listening	  task	  

Right	  and	  let	  auditory	  
seeds	  in	  res+ng	  data	   Connec+vity	  map	  

from	  a	  healthy	  
volunteer	  

Quigley	  et	  al	  AJNR	  	  2003	  
	  
An	  acallosal	  pa+ent	  was	  first	  
presented	  by	  Lowe	  et	  al	  
Neuroimage	  9:S422	  1999	  

Vasculature	  is	  s+ll	  symmetric,	  but	  bilateral	  neurons	  are	  not	  connected	  



Electrical	  Signals	  can	  also	  be	  slow	  

There	  is	  a	  high	  power	  signal	  and	  a	  coherence	  across	  
electrodes	  in	  mul+ple	  LFP	  frequency	  bands.	  

Leopold	  et	  al	  Cerebral	  Cortex	  2003	   Based	  on	  a	  slide	  from	  M	  Lowe	  



Rela+onship	  to	  EEG	  

Laufs	  et	  al	  PNAS	  2003	  

Ac+va+on	  and	  deac+va+on	  maps	  of	  EEG	  signals	  convolved	  with	  a	  hemodynamic	  response	  

Ca+e	  Chang	  will	  talk	  more	  about	  EEG/fMRI	  



The	  EEG/fMRI	  rest	  rela+onship	  isn’t	  simple	  

Yuan,	  Zotev,	  Phillips,	  Bodurka	  
Neuroimage,	  2013	  

EEG	  alpha	  (GFP)	  also	  correlates	  with	  breathing	  (RVT)	  

analysis. Based on cross-correlation analysis results (see below) sep-
arate regression models were built only for alpha GFP and RVT (in-
cluding eyes-closed and eyes-open conditions), but not for cardiac
pulse rate changes.

In order to compare the alpha GFP or RVT fluctuations to the BOLD
signal, we temporally low-pass filtered the alpha/RVT time series
using a moving average and shifted the filtered time series at differ-
ent time lags. This procedure is of similar temporal blurring effect
by convolving with an impulse response function to BOLD (i.e. hemo-
dynamic response function, or respiratory response function) that is
at a fixed delay, while also allowing us to evaluate the correlations
at various time lags. Specifically, the regressors of alpha GFP and
RVT were created by downsampling the GFP time course to the
fMRI acquisition rate (i.e. 0.5 Hz) and shifted by a set of delays
(from −10× TR to 10× TR). Especially, we examined the alpha GFP
regressor with 4× TR delay, which corresponds to the 8-s delay of
peak in the hemodynamic response function for EEG alpha activity
(de Munck et al., 2007). All the models included nuisance regressors
including the six motion parameters and a set of Legendre polyno-
mials (up to three-order polynomials per session) to remove
nonspecific temporal drifts in the BOLD signal. In the individual
subject's data, the regression model was fitted at each voxel with re-
gard to one regressor of interest (alpha GFP or RVT at a certain delay).
The regression model was also fitted over the data of all subjects to
assess the correlation between BOLD and alpha GFP/RVT. To deter-
mine whether the correlation was significant at the group level across
subjects, group maps of pooled t statistics were calculated from indi-
vidual beta values of correlation between BOLD and GFP/RVT using a
one-sample t test.

In a secondary analysis, in order to see how the procedure of remov-
ing physiological noise affects the correlation between BOLD and alpha
GFP, we removed respiration and cardiac related signals from the fMRI
data in a preceding step to the above preprocessing analysis and
assessed the partial correlation between BOLD and alpha GFP. Specifi-
cally, the preprocessed fluctuation of RVT was shifted at the time lag
of maximum cross-correlation with alpha GFP power and removed
from the BOLD time series (Birn et al., 2006). In addition, fMRI time

series that are time-locked to the cardiac and respiratory phase wave-
forms were removed using the RETROICOR method (Glover et al.,
2000) as implemented in AFNI's “RetroTS.m”. The shifted fluctuation
of RVTwas also removed from the alpha GFP time series. The regression
model with regard to RVT-removed GFP was again assessed at each
voxel. To facilitate comparison, all group statistic maps were
thresholded at p b 0.01 (uncorrected) and at cluster size threshold of
p b 0.001 (Forman et al., 1995).

Results

Examples of a single-session EEG alpha power fluctuation at the O1
electrode, respiratory fluctuation, and pulse rate fluctuation from a rep-
resentative subject (subject #7) are illustrated in Figs. 1B, D and F, re-
spectively. The power spectrum of the alpha GFP, RVT, and pulse rate
fluctuations (without smoothing) averaged over all sessions and sub-
jects is shown in Figs. 1G, H, and I, respectively. The power spectra reveal
that the major energy of all the fluctuations is in the low-frequency
range (b0.1 Hz). It is alsoworthwhile to note that the profile of the fluc-
tuation spectrum appears similar between the eyes-open and eyes-
closed conditions. Meanwhile, the spectrum of the alpha GFP and cardi-
ac fluctuations shows a slightly stronger activity in the upper range of
the frequency band (>0.05 Hz) than that of the RVT.

The scalp topology of alpha power from all electrodes is shown in
Fig. 2B, indicating that the dominating contributor of alpha power
originates from electrodes at the visual/posterior area. For compari-
son, the alpha topology from EEG recordings outside of the scanner
in the same subject is shown in Fig. 2D, which demonstrates a consis-
tent pattern of visual/posterior alpha dominance. Thus, in the follow-
ing correlation analysis, instead of choosing a subset of electrodes, the
EEG fluctuation was characterized as the fluctuation of global field
power in the alpha band.

Results of cross-correlation analysis

The single-session traces of detrended, smoothed, and z-score
normalized RVT and alpha GFP fluctuations at eyes-closed condition

Fig. 2. Time courses of RVT and alpha GFP fluctuation and their cross-correlation. (A, C) Single-session RVT and alpha GFP fluctuation from recordings inside (A) and outside scanner
(C). (B, D) Scalp topology of alpha EEG power in 9–11 Hz at all electrodes from recordings inside (B) and outside scanner (D). Note that the alpha power at the visual/posterior
region dominates the whole brain alpha activity. (E) Temporal cross-correlation between alpha GFP and RVT (blue solid line). Black dashed lines indicate the threshold of p = 0.05
determined using surrogate signals. The alpha GFP leads RVT by 5.20 s with global peak correlation values. A, B, and E are from the same single-session data as in Figs. 1A–F.

85H. Yuan et al. / NeuroImage 79 (2013) 81–93



We	  have	  our	  rest	  fMRI	  data.	  Now	  what?	  

Voxelwise	  maps	  
summarizing	  

+me	  or	  
frequency	  info	  

Connec+vity	  

Exploratory	  Methods	  

Independent	  
Component	  
Analysis	  (ICA)	  

Clustering	  

Hypothesis	  Driven	  

Seed	  based	  correla9on	  
examines	  the	  rela+onship	  
between	  one	  region	  &	  
the	  rest	  of	  the	  brain	  

Rela+onships	  
between	  networks	  

Graph	  Theory	  approaches	  
Efficiency	  (small	  worlds)	  

Centrality/Hubs	  
Direc+onality	  between	  regions	  

Causality	  
Effec9ve	  Connec9vity	  

Inspired	  by	  Margulies	  et	  al	  
Magn	  Reson	  Mater	  Phy	  2010	  



Methods	  

At	  best	  these	  methods	  give	  us	  pre^y	  maps	  of	  
regions	  that	  we	  know	  have	  commonali+es	  

• What	  is	  normal	  varia+on?	  
• Preprocessing	  ma^ers	  
• What	  differences	  are	  sta+s+cally	  significant?	  
• What	  differences	  are	  reliable	  and	  stable	  
across	  methods?	  



Seed	  

Targets	   Correla+ons	  

0.90	  

0.55	  

0.01	  

-‐0.01	  

Connec+vity	  Analysis	  tools	  
Seed	  Based	  Methods	  

	  
•  Correla+on	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Time	  series	  shapes	  
•  Coherence	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Frequency	  characteris+cs	  	  
•  Mutual	  Informa+on	  	  	  	  	  	  	  	  	  	  	  	  Nonlinear	  similari+es	  
•  Causality	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	   	   	  Nonlinear	  similari+es	  
Coherence,	  MI	  and	  Causality	  can	  also	  give	  direc+onality	  
informa+on	  (with	  unclear	  accuracy)	  	  	  	  	  	  	  	  

Find	  voxels	  with	  that	  have	  
similar	  X	  to	  the	  seed	  



Seed	  Based	  Methods	  

Van	  Dijk	  J	  Neurophys	  2010	  

B. Biswal et al., MRM, 34:537 (1995) 



Advantages	  of	  using	  seeds	  

•  Hypothesis	  Driven	  
Answers	  poten+ally	  relevant	  ques+ons:	  
– What	  regions	  are	  correlated	  with	  the	  seed	  region?	  
– How	  do	  correla+ons	  with	  the	  seed	  region	  change	  
across	  popula+ons	  or	  ater	  an	  interven+on?	  

•  Shown	  to	  give	  fairly	  reliable	  and	  scien+fically	  
relevant	  results	  

•  Conceptually	  simple	  and	  computa+onally	  fast	  
(almost	  instant	  in	  AFNI)	  



Cross	  subject	  
and	  Session	  
Reliability	  

20	  minute	  sessions	  

5	  minute	  sessions	  

Van	  Dijk	  J	  Neurophys	  2010	  

Ca+e	  Chang’s	  talk	  will	  
show	  that	  things	  aren’t	  

quite	  this	  simple	  



Seed	  based	  group	  analysis	  
One	  fairly	  standard	  method	  

Issues	  to	  consider	  
Spa+al	  normaliza+on	  

Consistent	  seed	  region	  selec+on	  
Watch	  out	  for	  outlier	  data	  

Take	  the	  correla+on	  value	  map	  from	  each	  
subject,	  convert	  sta+s+cs	  to	  z	  scores	  and	  

calculate	  voxelwise	  group	  sta+s+cs	  
	  



Network	  changes	  with	  Au+sm	  

Kennedy	  &	  Courchesne	  Neuroimage	  2008	  

“Task	  Nega+ve”	  Network	   “Task	  Posi+ve”	  Network	  



Connec+vity	  linked	  to	  Au+s+c	  behavior	  

Monk,	  Pel+er,	  et	  al,	  	  
Neuroimage	  2009	  

Weng,	  Wiggins,	  et	  al,	  	  
Brain	  Research,	  2010	  

Adults	   Adolescents	  

Significant	  rela+onships	  in	  the	  Superior	  frontal	  gyrus	  
(Analysis	  Circularity	  warning)	  



Results	  are	  sensi+ve	  to	  processing	  steps	  

Objec&ves 

By consensus, sociocommunica.ve impairments in au.sm 

spectrum disorders (ASD) require explana.on at the network 

level. Many recent fcMRI studies have used a res.ng state (RS). 

While underconnec.vity findings for ASD predominate, 

overconnec.vity has also been reported. In a previous meta‐

analysis of 32 fcMRI studies on ASD, we iden.fied several 

methodological variables that significantly dis.nguished 

studies repor.ng underconnec.vity from those observing 

(par.al) overconnec.vity.  Prominent among these were the 

use of low‐pass filters, task regression, and the detec.on of 

correla.ons across the whole brain (rather than solely in 

ac.va.on‐based ROIs; Fig. 1). 

 

 

 

 

 

 

 

 

 

The present study aimed to directly test these findings by 

comparing effects of these methodological choices in several 

datasets from our group. 

* 

* 

* 

Results 
Using imita.on network seeds (premotor, IPL, STS), we found no group 

differences in intrinsic FC for RS, but overconnec.vity in ASD for task‐

regressed seman.c decision data (as first reported by Shih et al, 2010). 

Diverging paWerns of FC group differences were also seen in comparisons 

across the 3 core datasets (Table 1A), as summarized in Fig. 2. A uni‐

variate ANOVA, with type of data set, seed selec.on, temporal filtering/

task effects, and field of view as IVs and underconnec.vity ra.o as DV, 

indicated main effects of temporal filtering/task effects (F[1,22] = 9.68, 

p=.005) and of FOV (F[1,22] = 13.55, p=.001). Although the main effect 

of data set was not significant, some obvious differences were observed. 

E.g., fcMRI findings for an ROI in LIFG, for which Just et al. (2004) re‐

ported underconnec.vity in ASD, diverged strongly, with mixed paWerns 

using the RSVP data set vs. robust overconnec.vity using RS data. 

Differen.al results for task vs. RS data were not explained by arousal, as 

no group differences in cardiac and respiratory rates were found. 

Fig. 1. Radar plot showing percentage  of  

ASD fcMRI studies, classified by overall 

paWern of between‐group findings (GU: 

exclusive underconnec.vity in ASD; NGU: 

(par.al) overconnec.vity). Study types differ 

significantly (p<.05) on variables low‐pass 
filter, task regression, and whole brain FOV.  

† Includes ac.va.on‐derived seeds from 

combined TD and ASD groups. 

From Müller et al. CerCor 2011. 

Methods 
We included fMRI data for RS (eyes open), visual aWen.on (rapid serial 

visual presenta.on [RSVP]), visual search (VS), and seman.c decision 

from >100 par.cipants with ASD and matched typically developing 

(TD) controls. Data were analyzed along two compe.ng pipelines, one 

with low bandpass filter (.1>f>.01Hz) and task regression (except for 
RS), aiming to isolate intrinsic func.onal connec.vity (FC), and one 

that retained task effects and higher frequencies (co‐ac.va.on 

analysis). No global signal regression was performed in any of the 

analyses. For all comparisons, data were mo.on‐matched between 

groups and “scrubbing” (Power et al., 2012) was performed. 

Conclusions 

• Between‐group fcMRI effects are heavily impacted by methods. 

For a given dataset, opposite group differences are found 

depending on task regression, bandpass filter, and ROIs. 

• Task regression, low‐pass filtering, and whole brain FOV boost 

overconnec.vity effects in ASD; absence of these and focus on 

ac.va.on‐derived ROIs highlight underconnec.vity. 

• FC findings for RS vs. task‐regressed data result in further 

(though less pronounced) differences. 

•  In special popula.ons such as ASD, differences in cogni.ve 

state during RS (which cannot be monitored) may affect low‐

frequency BOLD fluctua.ons. RS may not provide a consistent 

plaporm for studying intrinsic FC, but may introduce addi.onal 

confounds. 

Fig. 2. Overview of findings from fcMRI analyses using 3 core datasets (Table 1A). In each data set, 

seeds/ROIs were derived from ac.va.on in TD or ASD groups (or both), or from literature (e.g., Just et 

al., 2004; see main text). Two main processing pipelines were used: one retaining task effects without 

low‐pass filtering (red font) and one isola.ng intrinsic fluctua.on through low bandpass filtering and 

task regression (blue font). Main paWerns of between group findings are indicated by fill color.  

* Main effect p<.005;  † (U‐O)/(U+O)   U, O = number of underconnected, overconnected voxels. 

  

Table 1. Samples from 3 core data sets (A) 

and seman.c decision dataset (B). 

Par.cipants in the seman.c decision study 

were all male. Related findings have been 

previously published for the  VS data set in 

Keehn et al. (Hum Brain Mapp 2012) and for 
the seman.c decision data set in Shen et al. 

(Neuroimage 2012). 

Is the res&ng state the royal road to intrinsic func&onal connec&vity?  

The impact of methods on fcMRI results in au6sm 
Ralph‐Axel Müller1, Aar6 Nair1,2, Michael C. Datko1,3, Patricia Shih4, Christopher L. Keown1, Jose O. Maximo1,  

Brandon Keehn5,  Inna Fishman1  
1 Brain Development Imaging Laboratory, Dept. of Psychology, San Diego State University, San Diego, CA 

2 Joint Doctoral Program in Clinical Psychology, San Diego State University and University of California, San Diego, CA  
3 Dept. of Cogni.ve Science, University of California, San Diego, CA  

4 Dept. of Neuroscience, Brown University, Providence, RI  
5 Laboratories of Cogni.ve Neuroscience, Children's Hospital Boston/Harvard Medical School, Boston, MA  

A 

 

 

 

 

 

 

 

 

B 

Semantic decision 

Fig. 3. Examples of divergent between‐group 

effects related to methodological variables. 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Disadvantages	  of	  using	  seeds	  

•  Poten+ally	  sensi+ve	  to	  seed	  selec+on	  and	  pre-‐
processing	  
	  

•  Ater	  pre-‐processing,	  no	  easy	  way	  to	  dis+nguish	  
neural	  from	  non-‐neural	  connec+ons	  
	  

•  Needs	  a	  separate	  seed	  for	  every	  network	  

•  We	  s+ll	  don’t	  know	  what	  differences	  are	  
scien+fically	  or	  clinically	  meaningful	  



Independent	  Component	  Analysis	  
Great	  for	  iden+fying	  common	  pa^erns	  without	  making	  model	  

assump+ons	  or	  even	  selec+ng	  regions	  of	  interest	  

Data	  	  is	  decomposed	  
into	  a	  set	  of	  spa+ally	  
independent	  maps	  
and	  a	  set	  of	  +me	  

courses	  
	  

There	  are	  mul+ple	  
methods	  for	  

iden+fying	  relevant	  
components	  

Also	  mul+ple	  ways	  to	  
model	  groups	  of	  

volunteers	  

Li	  et	  al	  Computerized	  Medical	  Imaging	  and	  Graphics	  March	  2009	  



5	  brain	  networks	  using	  ICA	  

M. De Luca et al., NeuroImage 2006 

Visual	  

Visuospa+al	  &	  Execu+ve	  

Sensory	  &	  Auditory	  

Dorsal	  “What”	  Pathway	  

Ventral	  “Where”	  Pathway	  

Network	  names	  are	  based	  on	  
knowledge	  from	  past	  research	  



ICA	  Advantages	  

•  No	  seed	  regions	  
•  Everything	  in	  the	  brain	  is	  placed	  in	  a	  network	  
•  Can	  oten	  pull	  out	  equipment,	  respira+on	  and	  mo+on	  
ar+facts	  as	  separate	  components	  	  
(at	  least	  for	  individual	  subject	  ICA)	  

•  Can	  start	  without	  any	  model	  of	  what	  you	  expect	  to	  see	  
•  Can	  find	  something	  interes+ng	  you	  weren’t	  looking	  for	  
•  Can	  be	  used	  for	  noise	  removal	  before	  running	  other	  
analyses	  



One	  ICA	  Group	  Analysis	  Method	  

Model	  the	  subjects’	  data	  as	  one	  long	  +me	  series	  
	  

The	  component	  +me	  series	  from	  each	  subject	  can	  also	  be	  used	  to	  
generate	  subject-‐specific	  maps	  and	  magnitude	  values	  

Cole,	  Smith,	  Beckmann,	  Fron+ers	  in	  Systems	  Neuroscience	  2010	  



There	  are	  other	  ICA	  Group	  	  
analysis	  methods	  

For	  example	  you	  can	  run	  ICA	  on	  each	  subject	  and	  
find	  ways	  to	  align	  components	  	  
	  gRAICAR	  Yang	  et	  al,	  Neuroimage	  2012	  

For	  any	  approach	  you	  s+ll	  need	  assump+ons	  of	  components	  of	  
interest	  or	  use	  the	  component	  +mes	  series	  or	  spa+al	  maps	  to	  
iden+fy	  interes+ng	  similari+es	  or	  differences	  across	  groups	  



ICA	  then	  causality	  to	  show	  differences	  in	  
Schizophrenia	  

Jafri	  et	  al	  Neuroimage	  2007	  

Iden+fied	  the	  same	  
components	  in	  the	  two	  

popula+ons	  
	  

Looked	  at	  how	  the	  
different	  components	  
correlated	  with	  each	  
other	  at	  various	  lags	  

	  
	  

Correla+ons	  between	  
networks	  differed	  
between	  healthy	  

volunteers	  and	  pa+ents	  



Limita+ons	  of	  ICA	  
•  All	  we	  know	  is	  that	  components	  are	  independent	  

	  	  What	  the	  #$%!	  does	  that	  mean?	  
•  While	  we	  might	  observe	  consistency	  across	  a	  
popula+on	  it	  isn’t	  a	  mathema+cal	  requirement	  

•  You	  need	  to	  define	  the	  #	  of	  components	  &	  this	  
affects	  the	  results	  

•  Calcula+ons	  are	  itera+ve	  and	  can	  vary	  even	  with	  
the	  same	  data	  

•  There	  is	  no	  order	  to	  the	  components.	  You	  always	  
need	  to	  set	  rules	  on	  how	  to	  iden+fy	  relevant	  
components	  and	  significant	  voxels	  



5	  brain	  networks	  using	  ICA?	  

M. De Luca et al., NeuroImage 2006 

Visual	  

Visuospa+al	  &	  Execu+ve	  

Sensory	  &	  Auditory	  

Dorsal	  “What”	  Pathway	  

Ventral	  “Where”	  Pathway	  



8	  Brain	  networks	  using	  ICA?	  

Beckman,	  De	  Luca,	  et	  al,	  Philos	  Trans	  R	  Soc	  Lond,	  B,	  Biol	  Sci,	  2005	  



10	  brain	  networks	  using	  ICA?	  

Smith S M et al. PNAS 2009;106:13040-13045 

Let	  columns	  are	  ICA	  of	  res+ng	  data	  from	  36	  volunteers.	  
Right	  columns	  are	  maps	  derived	  from	  the	  large	  BrainMap	  Ac+va+on	  Database	  

All	  these	  brain	  network	  counts	  are	  from	  the	  same	  respected	  lab!	  
	  



Clustering	  /	  Parcella+on	  

Cohn	  et	  al	  Neuroimage	  2008	  



Parcella+on	  of	  the	  Postcentral	  Gyrus	  

Long,	  Margulies	  Villringer	  OHBM	  Mee+ng	  2010	  



Clustering	  +	  &	  -‐	  
+	  Poten+al	  for	  seeing	  clustering	  differences	  across	  
popula+ons	  
+	  Useful	  for	  dividing	  brain	  by	  func+onal	  
commonali+es	  
+	  Creates	  inputs	  to	  other	  analyses	  	  
	  	  	  	  	  	  	  (cluster-‐based	  seeds)	  
-‐	  Some	  approaches	  are	  very	  sensi+ve	  	  
	  	   	   	  to	  #	  of	  clusters	  requested	  
-‐	  You’ll	  always	  get	  clusters	  whether	  or	  not	  they	  
mean	  anything	  (no	  clear	  gold	  standard	  of	  accuracy)	  



Graph	  Theory	  Approaches	  

He	  et	  al	  PLOS	  ONE	  2009	  



Modular	  Brain	  Networks	  

The	  closer	  the	  dots,	  the	  more	  similar	  their	  +me	  series	  
He	  et	  al	  PLOS	  ONE	  2009	  



	  	  	  

Modular	  
Brain	  

Networks	  

Same	  regions	  
and	  

connec+ons	  as	  
the	  last	  slide	  
represented	  in	  
brain-‐space	  

He	  et	  al	  PLOS	  ONE	  2009	  



Network	  disrup+on	  depends	  	  
on	  stroke	  lesion	  loca+on	  
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Figure 6: Group E!ects
  - Patients had lower modularity that controls (Q)
  - Patient partitions resembled the CT partition less than  
 partitions from individual control subjects (MI)
  - Patients: lesioned hemisphere had lower modularity   
 and lower correspondence with the CT partition than  
 the non-lesioned hemisphere
  - Controls: right hemisphere had higher modularity and  
 higher similarity to the CT than the left hemisphere.
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Figure 5: Damage to Modules
   - Patients had damage to all     
 modules, most had damage to   
 more than one module
   - No clear relationship between    
 modularity and module damage
 

Figure 4: Modules in the Healthy Brain
 - Healthy control template is composed of four modules (Left)
 - Hubness (WD) and connectorness (PC) properties of individual regions (Right) took on a range  
  of continuous values
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Figure 7: PC- and WD-damage 
score correlations with 
modularity

PC score correlated negatively with 
patient modularity in:
 - the whole brain (A, Right)
   - the non-lesioned hemisphere  
 (B, Right-Lower) 
 - trended in the lesioned hemi-  
 sphere (B, Right-Upper) 
No correlation between WD score 
and modularity (A,B Left)  
 
Relationships held across cost 
thresholds (Fig 8)
  - PC and WD correlations were sig- 
 ni!cantly di"erent (Fig 8)

Because of hemispheric di"erences 
in controls, hemispheric modularity 
measures were normalized (z-score) 
to account for the side of the lesion 

Figure 9: Example of extreme patients
  - Patients with low PC damage had preserved modularity    
 across the whole brain and each hemisphere  (A)
  - Patients with high PC damage showed strong disruptions in  
 modular organization across the whole brain, the lesioned,  
 and the non-lesioned hemisphere (B)
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Control Analyses: 
Relationships between 
 A. modularity and lesion size
 B. PC score and average connectivity of the graph 
were non-signi!cant across a range of costs (not shown)
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Focal brain lesions cause widespread disruption of the modular organization of the brain
Caterina Gratton, Emi Nomura, Fernando Pérez, Mark D’Esposito

Helen Wills Neuroscience Institute, University of California, Berkeley, CA

Results

Introduction

Patients' inability to perform a speci!c task after focal brain damage has traditionally been taken 
as evidence that the damaged region supports critical elements of that task.  However, evidence 
against the “localist” hypothesis [1] has come from:

regions remote from a damaged location [5-6]

These studies have su"ered from the lack of a method to analyze changes in whole brain 
organization.

the brain [see Fig 1]

Modules = sub-networks, or sets of regions with a high density of connections to other regions   
 within the network, but low density of connections to regions outside the network 

Hubs = regions that connect to many other regions within a module

Connectors = regions that connect to many di"erent modules

Studies simulating brain damage suggest that widespread disruption can occur with focal lesions 
[7-11], especially if the damage occurs to connector regions [7,9]. This remains to be tested 
empirically in lesion patients.

Approach: Conduct graph theory analysis on resting state fMRI (rs-fMRI) data 
from patients with focal brain lesions

Question: How do focal lesions a!ect 
whole brain function?

Module 1

Module 2
Module 3

Connector Node

Hub Node

Figure 1: Node Role Schematic

Will the healthy role of regions that are damaged in patients 
predict changes in whole brain organization after damage?

Conclusions
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Damage to connector nodes predicts decreases in modularity

- Not true for damage to hub nodes, which had a signi!cantly less negative relationship with modularity
- No relationship between 
 1. modularity and lesion size: suggests that it was the site, not the amount, of damage, that matters
 2. damage to connectors and connectivity magnitude: suggests that it is pattern, not strength, of connections that matters

In focal lesion patients, damage to regions important for inter-module communication led to 
disrupted modular organization throughout the brain.
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Demonstrates that network role, rather than speci!c anatomical location, dictates a region’s importance in organizing modular brain structure
 - May be critical to determining a patient’s prognosis: damage to regions that are central to subnetworks carrying out speci!c cognitive functions   
  may produce speci!c cognitive de!cits, but a wider range of functional de!cits may result from damage to regions that are central to the    
  coordination between multiple cognitive networks

Methods

Participants: 
- patients: 35 (age 17-84, mean=61; n=31 unilateral) with focal 
lesions due to stroke (n=25), TBI (n=6), and tumors (n=4)

- healthy controls: 24 (age 18-37, mean=24)

Graph theory: 

Fig 3.3]
 Cost = % of total possible connections in the graph. 
 - Analyses done at costs = .05 - .25 (.15 shown)

Fig 3.4]
 Graph = a set of nodes (AAL ROIs) connected by a    
 number of edges (correlation values passing a given   
 threshold)

 - Produced a separate graph for each lesion patient,   
 control participant, and CT at each cost for the whole   
 brain and each hemisphere. 

MRI Acquisition Procedures: 3-T Siemens Trio
- functional images: 10min EPI in patients (TR = 2s, TE = 30 

- structural images:
  - instructions: awake, eyes open

Regions of Interest (ROI): native space
- whole brain analysis: 90 AAL Atlas [12] regions
- single hemisphere analyses: AAL atlas ROIs divided into 2 
- lesion masks: drawn in native space (T1 and FLAIR) (Fig 2).

fMRI Preprocessing: AFNI
- slice-time correction, removal of nonbrain structures,  

smoothing (5mm)
- regressed out signal from movement, white matter and 

ventricles [13]
- averaged time-series within each ROI and bandpass !l-

tered (0.005-0.08 Hz)

Functional Connectivity: !sher-transformed correlations 
between each pair of ROIs [13] to create separate correlation 
matrices for the whole brain and each hemisphere

- control template (CT): average of control subjects’ correla-
tion matrices

num of 
subjects

13

1

Figure 2: Overlap of Individual Subject Lesions

Figure 3: Analysis Procedure

1. Node Selection 4. Graph 5. Modules and Node Roles

Figure 8: Correlations across costs (see Fig 7)

3. Partitioned into separate modules by optimizing Newman's modularity [14] using simulated 
annealing [15-16, Fig 3.5]

 - evaluated partitions with modularity and compared to each other with mutual information
 Modularity (Q) = ratio of within- compared to between- module connections; re#ects the   
  strength of a graph's modular organization [15].    

 Mutual Information (MI) = measure of similarity in structure of two partitions [16]

4. From the CT partition, calculated metrics re#ecting the network roles of each node:
  Participation coe"cient (PC) = connectorness; a measure of # of inter-module connections  

 Within module degree (WD) = hubness; a measure of # of intra-module connections of   
  each node (z-score) [15].

 Damage scores: average of the healthy PC or WD nodal values from the CT for each ROI that  
  was lesioned in a patient
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Figure 6: Group E!ects
  - Patients had lower modularity that controls (Q)
  - Patient partitions resembled the CT partition less than  
 partitions from individual control subjects (MI)
  - Patients: lesioned hemisphere had lower modularity   
 and lower correspondence with the CT partition than  
 the non-lesioned hemisphere
  - Controls: right hemisphere had higher modularity and  
 higher similarity to the CT than the left hemisphere.
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Figure 5: Damage to Modules
   - Patients had damage to all     
 modules, most had damage to   
 more than one module
   - No clear relationship between    
 modularity and module damage
 

Figure 4: Modules in the Healthy Brain
 - Healthy control template is composed of four modules (Left)
 - Hubness (WD) and connectorness (PC) properties of individual regions (Right) took on a range  
  of continuous values

Fronto-parietal (FP)

Centro-temporal (C)

Medial-temporal (MT)

Occipito-parietal (OP)
Connectorness (PC)

Hub (WD>1)

Non-hub (WD<1)

A - Top View

B - Lateral View

Front

Back

BackFront

AA
L 

At
la

s r
eg

io
ns

PC WD
0 0.2 0.4 0.6 -1.0 0.0 1.0 2.0 3.0

Connectorness Hubness
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score correlations with 
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PC score correlated negatively with 
patient modularity in:
 - the whole brain (A, Right)
   - the non-lesioned hemisphere  
 (B, Right-Lower) 
 - trended in the lesioned hemi-  
 sphere (B, Right-Upper) 
No correlation between WD score 
and modularity (A,B Left)  
 
Relationships held across cost 
thresholds (Fig 8)
  - PC and WD correlations were sig- 
 ni!cantly di"erent (Fig 8)

Because of hemispheric di"erences 
in controls, hemispheric modularity 
measures were normalized (z-score) 
to account for the side of the lesion 

Figure 9: Example of extreme patients
  - Patients with low PC damage had preserved modularity    
 across the whole brain and each hemisphere  (A)
  - Patients with high PC damage showed strong disruptions in  
 modular organization across the whole brain, the lesioned,  
 and the non-lesioned hemisphere (B)
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Control Analyses: 
Relationships between 
 A. modularity and lesion size
 B. PC score and average connectivity of the graph 
were non-signi!cant across a range of costs (not shown)
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Introduction

Patients' inability to perform a speci!c task after focal brain damage has traditionally been taken 
as evidence that the damaged region supports critical elements of that task.  However, evidence 
against the “localist” hypothesis [1] has come from:

regions remote from a damaged location [5-6]

These studies have su"ered from the lack of a method to analyze changes in whole brain 
organization.

the brain [see Fig 1]

Modules = sub-networks, or sets of regions with a high density of connections to other regions   
 within the network, but low density of connections to regions outside the network 

Hubs = regions that connect to many other regions within a module

Connectors = regions that connect to many di"erent modules

Studies simulating brain damage suggest that widespread disruption can occur with focal lesions 
[7-11], especially if the damage occurs to connector regions [7,9]. This remains to be tested 
empirically in lesion patients.

Approach: Conduct graph theory analysis on resting state fMRI (rs-fMRI) data 
from patients with focal brain lesions

Question: How do focal lesions a!ect 
whole brain function?
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Connector Node
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Figure 1: Node Role Schematic

Will the healthy role of regions that are damaged in patients 
predict changes in whole brain organization after damage?
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Damage to connector nodes predicts decreases in modularity

- Not true for damage to hub nodes, which had a signi!cantly less negative relationship with modularity
- No relationship between 
 1. modularity and lesion size: suggests that it was the site, not the amount, of damage, that matters
 2. damage to connectors and connectivity magnitude: suggests that it is pattern, not strength, of connections that matters

In focal lesion patients, damage to regions important for inter-module communication led to 
disrupted modular organization throughout the brain.
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Demonstrates that network role, rather than speci!c anatomical location, dictates a region’s importance in organizing modular brain structure
 - May be critical to determining a patient’s prognosis: damage to regions that are central to subnetworks carrying out speci!c cognitive functions   
  may produce speci!c cognitive de!cits, but a wider range of functional de!cits may result from damage to regions that are central to the    
  coordination between multiple cognitive networks

Methods

Participants: 
- patients: 35 (age 17-84, mean=61; n=31 unilateral) with focal 
lesions due to stroke (n=25), TBI (n=6), and tumors (n=4)

- healthy controls: 24 (age 18-37, mean=24)

Graph theory: 

Fig 3.3]
 Cost = % of total possible connections in the graph. 
 - Analyses done at costs = .05 - .25 (.15 shown)

Fig 3.4]
 Graph = a set of nodes (AAL ROIs) connected by a    
 number of edges (correlation values passing a given   
 threshold)

 - Produced a separate graph for each lesion patient,   
 control participant, and CT at each cost for the whole   
 brain and each hemisphere. 

MRI Acquisition Procedures: 3-T Siemens Trio
- functional images: 10min EPI in patients (TR = 2s, TE = 30 

- structural images:
  - instructions: awake, eyes open

Regions of Interest (ROI): native space
- whole brain analysis: 90 AAL Atlas [12] regions
- single hemisphere analyses: AAL atlas ROIs divided into 2 
- lesion masks: drawn in native space (T1 and FLAIR) (Fig 2).

fMRI Preprocessing: AFNI
- slice-time correction, removal of nonbrain structures,  

smoothing (5mm)
- regressed out signal from movement, white matter and 

ventricles [13]
- averaged time-series within each ROI and bandpass !l-

tered (0.005-0.08 Hz)

Functional Connectivity: !sher-transformed correlations 
between each pair of ROIs [13] to create separate correlation 
matrices for the whole brain and each hemisphere

- control template (CT): average of control subjects’ correla-
tion matrices

num of 
subjects

13

1

Figure 2: Overlap of Individual Subject Lesions

Figure 3: Analysis Procedure

1. Node Selection 4. Graph 5. Modules and Node Roles

Figure 8: Correlations across costs (see Fig 7)

3. Partitioned into separate modules by optimizing Newman's modularity [14] using simulated 
annealing [15-16, Fig 3.5]

 - evaluated partitions with modularity and compared to each other with mutual information
 Modularity (Q) = ratio of within- compared to between- module connections; re#ects the   
  strength of a graph's modular organization [15].    

 Mutual Information (MI) = measure of similarity in structure of two partitions [16]

4. From the CT partition, calculated metrics re#ecting the network roles of each node:
  Participation coe"cient (PC) = connectorness; a measure of # of inter-module connections  

 Within module degree (WD) = hubness; a measure of # of intra-module connections of   
  each node (z-score) [15].

 Damage scores: average of the healthy PC or WD nodal values from the CT for each ROI that  
  was lesioned in a patient

C	  Gra^on,	  Nomura,	  Perez,	  D’Esposito	  J	  Cog	  Neuro,	  2012	  

Nomura et al., 2010; Sharma et al., 2009; Grefkes et al.,
2008; He et al., 2007; Gerloff et al., 2006; Price et al.,
2001) have suggested that focal lesions may impact regions
remote from the site of structural damage, the focus in
these studies was on changes in connectivity magnitude
among a small number of brain regions. Studies examining
changes inwhole-brain functional connectivity networks that
occur following traumatic brain injury (Cao & Slobounov,
2010; Castellanos et al., 2010; Nakamura, Hillary, & Biswal,
2009) and tumors (Bosma et al., 2009; Guggisberg et al.,
2008; Bartolomei et al., 2006) have shown evidence for dis-
ruption in these functional networks. In addition, a recent
study (Crofts et al., 2011) using diffusion MRI tractography
after focal lesions to the BG and internal capsule found
widespread changes in the organization of white matter
connections extending into the intact hemisphere, sug-
gesting that structural changes may, in part, underlie the
reorganization of large-scale functional networks observed
in our study. We were able to expand on this finding both
by quantifying the effects of lesions on network structure
across the whole brain and by linking the extent of these
remote effects to the network role of the damaged region.
A variety of studies have attempted to link diseases with

changes in the nodal roles in specific regions (see reviews
by Pievani, de Haan, Wu, Seeley, & Frisoni, 2011; Guye

et al., 2010; Sporns, 2010b). For example, global changes
in network structure are accompanied by local changes
in nodal roles of specific regions in multiple sclerosis
(where regional efficiency and correlation strengths of sev-
eral regions including the insula were correlated with white
matter deposition; He, Dagher, et al., 2009), in traumatic
brain injury (where the degree of nodes was decreased
in frontal and increased in parietal and occipital regions;
Cao & Slobounov, 2010), in schizophrenia (where hubs
defined by a variety of properties shifted away from fron-
tal and cingulate regions; Bassett et al., 2008), and in
Alzheimerʼs disease (where decreases in clustering of the
hippocampuswas seen in patients; Supekar,Menon, Rubin,
Musen, & Greicius, 2008).

In a similar approach to ours, studies investigating
network structure in healthy controls and those with
Alzheimerʼs disease have found that global changes in
the large-scale network structure of the brain (measured
by clustering, path length, and phase-lag index) were pre-
dicted by the selective damage to nodes with many con-
nections (high degree nodes) in healthy controls on the
basis of modeling results (Stam et al., 2009). In confir-
mation of the modeling results, another study found that
high-degree regions in control participants correspond to
the locations of amyloid plaque deposition (Buckner et al.,

Figure 8. Examples of individual patients with low and high PC damage scores. (A) Control template graphs from the average of the healthy
control participants across (top) the whole brain and (bottom) each hemisphere separately. (B) Patients with low connector damage tended to
have preserved modular structure across the whole brain (top; Q = 0.48) and both hemispheres (bottom; lesioned: Q = 0.36, nonlesioned:
Q = 0.41). (C) Patients with high connector damage, however, had highly disrupted modular organization across the whole brain (top; Q = 0.21)
and both hemispheres (bottom; lesioned: Q = 0.20; nonlesioned Q = 0.19). Plotting conventions follow Figure 3. Module colors are assigned
to match control template modules with the highest number of overlapping nodes. Yellow stars represent lesioned nodes, with size of the
star proportional to the percent damage to that node (these two patients were approximately matched for the sizes of their lesions).

Gratton et al. 1283



Func+onal	  Brain	  Networks	  Develop	  from	  a	  
‘‘Local	  to	  Distributed’’	  Organiza+on	  

assignments of nodes into communities. We applied the modular-
ity optimization algorithm to the group connectivity matrices
derived from the sliding boxcars described above.

Measures of modularity (Q) were high, and did not show large
changes across the age range (Figure 3A and Figure S1 and
Figure S2). This result was not dependent on any particular
threshold (Figure S1). Although comparable community struc-
ture was detected at all ages examined, the components of the
communities varied by age. As per our qualitative approach
described above, in children, region clusters were largely
arranged by cerebral lobe; while in adults, regions were largely
clustered by their adult functional properties (Figure 4A). Again,
this result was not unique to any particular threshold (Figure 4B
and 4C) or size of boxcar (Figure S3). We do note, however, that
limited data points (i.e., subjects) are available between the ages
of 16 and 19 years (see Materials and Methods) and that our
estimate of the specific transitions within this period should be
interpreted with care.

Over development, functional connections seem to
evolve progressively along a ‘‘local to distributed’’
organizational axis

As previously reported [22,34], the segregation of closely
apposed regions and the integration of distributed functional
networks is associated with a general decrease in correlation
strength between regions close in space and an increase in
correlation strength between many regions distant in space. This
trend is shown in Figure 5 and also Figure S4. Long-range
functional connections tend to be weak, but increase over time
(warm colors above the diagonal in Figure 5C and 5D and
Figure S4C and S4D), integrating distant regions into functional
networks. Short-range functional connections tend to be stronger
(i.e., higher correlation strength) in children, yet those regions
that do change predominantly become weaker over age (cool
colors below the diagonal in Figure 5A and 5B and Figure S4A
and S4B).

Figure 2. Over age the graph architecture matures from a ‘‘local’’ organization to a ‘‘distributed’’ organization. In this figure we show
the dynamic development and interaction of positive correlations between the two task control networks, the default network, and cerebellar
network using spring embedding. The figure highlights the segregation of local, anatomically clustered regions and the integration of functional
networks over development. A and B represent individual screen shots (at average ages 8.48, 13.21, and 25.48 years) of dynamic movies (Video S1) of
the transition in the network architecture from child to adult ages. Nodes are color coded by their adult network profile (core of the nodes) and also
by their anatomical location (node outlines). Black – cingulo-opercular network; Yellow – fronto-parietal network; Red – default network; Blue –
cerebellar network; Light blue – frontal cortex; Grey – parietal cortex; Green - temporal cortex, Pink – cerebellum, Light pink – thalamus. Connections
with r$0.1 were considered connected. (A) In children regions are largely organized by their anatomical location, but over age anatomically clustered
regions segregate. The cluster of frontal regions (highlighted in light blue) best demonstrates this segregation. (B) In children the more distributed
adult functional networks are in many ways disconnected. Over development the functional networks integrate. The isolated regions of the default
mode network in childhood (highlighted in light red) that coalesce into a highly correlated network best illustrate this integration. Over age node
organization shifts from the ‘‘local’’ arrangement in children to the ‘‘distributed’’ organization commonly observed in adults.
doi:10.1371/journal.pcbi.1000381.g002

Brain Develops from Being ‘‘Local to Distributed’’

PLoS Computational Biology | www.ploscompbiol.org 5 May 2009 | Volume 5 | Issue 5 | e1000381

Fair…	  Petersen,	  PLoS	  Comp	  Bio	  2009	  



Advantages	  of	  graph	  theory	  approaches	  

•  Can	  make	  beau+ful	  pictures	  (or	  ugly)	  
•  Used	  for	  hypothesis	  genera+on	  and	  tes+ng	  

–  Similari+es	  between	  DTI	  &	  res+ng	  connec+vity	  graphs	  
(Honey,	  PNAS	  2009)	  

•  Can	  see	  how	  connec+ons	  and	  segmenta+ons	  
change	  across	  popula+ons	  
– Graphs	  change	  in	  children	  with	  ADHD	  (Wang	  HBM	  2008)	  
– Graphs	  change	  with	  schizophrenia	  (Liu	  Brain	  2008)	  

•  The	  strength	  of	  seed-‐based	  correla+ons,	  with	  less	  
worries	  about	  seed	  selec+on	  

•  Poten+ally	  useful	  whole-‐brain-‐network	  metrics	  



Disadvantages	  of	  large-‐scale	  interconnec+ons	  

Sensi+ve	  to	  how	  you	  build	  the	  network	  
What	  is	  the	  region	  size	  

What	  is	  the	  distance	  func+on?	  
What	  is	  significant?	  

Basset	  &	  Bullmore	  The	  Neuroscien+st	  2006	  



Preprocessing	  really	  ma^ers	  

lead to artifactual signal changes of opposite sign in the anterior and
posterior parts of the head, and in dorsal and ventral parts of the head
(a clear example of this is shown in Figure S4). The data of Fig. 7 are in
accord with such an interpretation, because the greatest increases in
correlation upon scrubbing are predominantly in relationships orient-
ed in anterior–posterior and dorsal–ventral directions, whereas
laterally-oriented correlations tend to decrease upon scrubbing. Also
note that head movements tend to produce large amplitude changes
in BOLD signal. Since correlation calculations are based upon differ-
ences of individual measures from means, these large displacements
in BOLD signal carry substantial weight in such computations.

In conclusion, subject head motion-induced artifacts contribute sub-
stantially to the rs-fcMRI signal, and produce systematic but spurious
patterns in correlation. This effect is present in healthy control subjects,
and is likely to be larger in developing, aging, or clinical populations
that, as groups, have more movement of all forms. Optimal handling of
rs-fcMRI data will need to take into account the consequence of motion
artifact that is only incompletely addressed with standard realignment
and motion regression analysis strategies.

Supplementary materials related to this article can be found online
at doi:10.1016/j.neuroimage.2011.10.018.
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Scrubbing adult data produced little change in community assignments (NMI=0.94), whereas scrubbing child data produced substantial changes in community assignments
(NMI=0.69). Moreover, though network organization in children and adults was initially quite dissimilar (NMI=0.56), it became more similar with scrubbing (NMI=0.70).
This increase in similarity is not observed with random scrubbing (NMI=0.58±0.01 over 10 repetitions of random scrubbing in children and adults). The reorganization of func-
tional network in children can be seen in the large contiguous patches of color (e.g. orange) in unscrubbed data, which become parts of distributed communities in scrubbed data
(see red circles for an example). All graphs are thresholded at 10% edge density (r>0.16, 0.15, 0.15, and 0.15 clockwise from upper left). For ease of visualization, nodes in com-
munities with fewer than 4 members are colored white, and thus white nodes are explicitly not a single community.
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When	  they	  scrubbed	  data	  for	  areas	  of	  higher	  head	  mo+on	  (more	  
common	  in	  children),	  the	  main	  network	  differences	  disappeared	  	  

Power,	  …	  Petersen,	  Neuroimage	  2012	  

“It	  really,	  really,	  really	  sucks.	  My	  favorite	  result	  of	  the	  
last	  five	  years	  is	  an	  ar+fact,”	  Steve	  Petersen	  
h^p://sfari.org/news-‐and-‐opinion/news/2012/movement-‐during-‐brain-‐scans-‐may-‐lead-‐to-‐
spurious-‐pa^erns	  



For	  be^er	  and	  worse,	  connec+vity	  now	  
dominates	  fMRI	  methods	  development	  
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Image	  from	  Maurizio	  Corbe^a	  



Res+ng-‐State	  Summary	  

• It’s	  really	  amazing	  this	  works!	  
• It’s	  not	  always	  easy	  to	  tell	  when	  it	  doesn’t	  work	  
Don’t	  forget	  the	  scien9fic	  ques9ons	  
• How	  do	  we	  link	  func+onal	  connec+on	  maps	  to	  
func+on?	  

• What	  differences	  are	  scien+fically	  relevant?	  
• What	  disrupts	  fluctua+ons?	  
• How	  do	  we	  interpret	  differences	  across	  
popula+ons?	  



Come	  back	  next	  week	  
Ca+e	  Chang	  &	  Steve	  Go^s	  

•  Methods	  to	  remove	  noise	  
– How	  imperfect	  noise	  removal	  causes	  problems	  

•  EEG-‐fMRI,	  MEG,	  ECoG	  
•  Cori+cal	  layers	  with	  res+ng	  connec+vity	  
•  How	  connec+vity	  changes	  over	  +me	  
•  More	  analysis	  methods	  
•  Clinical	  applica+ons	  
•  The	  meaning	  of	  life	  
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